Abstract-This paper presents a inertial measurement unit (IMU) based wireless, wearable sensor system and its algorithm to capture human joint orientation and movement. Many physiotherapy and kinematical studies require a precise analysis of human joint movements. The proposed system provides an economic and flexible solution to measure human joint movement. The system includes several customised low-cost, small, wireless IMU sensors (accelerometer and gyroscope combined) which can be easily attached on any part of the human body. A dongle connected to a computer receives data collected by the sensors in real-time. Data sets are stored in the computer for later analysis and visualization. The proposed algorithm can accurately extract human joint orientation from the raw measurements of two inertial sensors. Compared to other yaw, pitch and roll orientation algorithms, the presented algorithm only focuses on the relative angle between two sensors instead of using a ground plane reference. The algorithm can be easily embedded into a post data analysis system. With its light data load requirement, the algorithm can also be effectively built onto a real-time joint orientation capturing system. This paper provides a high-level description of both the hardware platform and the demonstration of the algorithm, and presents step by step plots verifying the algorithm's performance. The system is currently used in a cerebral palsy research study in Australia.
I. INTRODUCTION
Motion capture, the process of recording and analyzing human movement, was first introduced as a technique for recording and animating a dancer's pose in the late 1970s [1] . The technique of motion capture has spawned a variety of different methods and found use in a myriad of areas and applications, such as film animation, gesture recognition for console control systems and kinematic studies [1] . In the 1980s, researchers from Simon Fraser University used a goniometer to track knee flexion for kinematic studies; this is regarded as the first time a biomechanics lab used a computer to analyse human motion [2] .
A traditional method in human movement study is optical 3D analysis. This system normally requires expensive highspeed cameras and a specially structured lab facility [3] . For clinical experiments, a motion analysis lab could cost millions of dollars. Wearable Micro Electro-Mechanical Systems (MEMS) inertial measurement unit (IMU) sensors have been introduced into clinical studies to measure gait, knees and ankles movement with yaw, pitch and roll angles [4] [5] [6] .
Two common motion sensors that are combined into the IMU are an accelerometer and a gyroscope. The accelerometer measures gravity and acceleration in three axes. It can be used to calculate the sensor's orientation and position by using Trigonometric algorithms. Such measurements will only be accurate under static or very slow motion situations when there is low motion noise [7] . The gyroscope can compute angle per time unit by integrating its angular velocity readings [8] . However, a low cost MEMS gyroscope usually contains more than 5% error in readings, which turns into white Gaussian noise when adding the velocity readings up [9] .
Filtering algorithms with sensor fusion methods were introduced into IMU orientation measurement to compute reliable orientation estimations. One of the most common sensor fusion methods is the Kalman filter. Several studies have been successful in producing accurate orientation measurements [10] [11] . In 2011 Sebastian Madgwick presented a high performance algorithm using a quaternion representation and added magnetometer sensor readings into the algorithm [12] .
However, Kalman filters normally require a heavy computational data load which will not be efficient enough for clinic trials with fast sampling rates. The use of a magnetometer in the Madgwick algorithm requires geocoordination calibration [12] , and its magnetic field measurements are susceptible to interference by any nearby metallic or magnetic object [13] .
In this paper, we present an economical two-sensor filtering algorithm which use much less computational data load compared to standard Kalman filter algorithms and can be easily implemented into a portable, light weight orientation capture system. The custom made sensors provided flexibility in fast speed wireless joint measurement system with far lower cost and smaller size comparing to some commercial sensors such as "Xsens" [14] . Those commercial sensors are also hitting the limitation when multiple devices at the same time operating under a 100 Hz data sampling rate.
Another advantage of the presented method is the use of two sensors as reference for each other, avoiding the need for a standard calibration position during the measurements. The initial position has been reported to be very hard to define in human joint studies, particularly in wrist and upper limbs study where there was no regular calibration position during the experiments, thus a starting reference position was always required [15] .
II. METHOD
To measure a joint's position and movement, at least two sensors are needed. Fig. 1 shows an example of sensor placement to capture the movement of a wrist. For the wrist joint measurement shown in Fig.1 the first sensor was placed on the back of the hand and its x-axis was aligned with the line from the middle knuckle to the wrist centre. The second sensor was located on the top of the upper limb with its x-axis aligned with the line from the wrist centre to the elbow. Both sensors' y-axis and z-axis need to be parallel to the other sensors' y-axis and z-axis. The purpose of this placement is to align both sensors' axes in such a way that the x-axis from sensor 1 and sensor 2 merge into the wrist centre, thus, the wrist joint movement can be measured as the angle difference between the two sensors. This sensor placement method can be applied to any joint measurement trials as long as both sensors are aligned with the joint's centre.
A. Hardware design
The system reported in this paper includes several wireless sensors that are attached on the articulation of interest. Sensors send their acquired data to a receiver dongle connected to a local computer to collect the data for further processing; see The sensors used for demonstration are shown in Fig. 3 . Their dimensions are 22 × 24 × 18 mm. Each sensor consists of a custom-made 8-bit AVR core microprocessor, an inertial measurement unit (IMU) and a 2.4 GHz Radio frequency (RF) radio powered by a small 90mAh rechargeable lithium polymer battery that can support up to 3 hours non-stop measurement time on one charge. Both sensors communicate with one receiver dongle via an RF radio channel and the data is sent to a computer via a serial communications link. The inertial measurement unit in each sensor is a $20 USD MPU9150 sensor which was placed flat at the bottom of the device. Each one of these sensors includes a tri-axial digital accelerometer and a digital tri-axial gyroscope. The acceleration measurement range is ±2 g and the angular velocity range is ±250°/s, respectively. Both accelerometer and gyroscope have a ±3% linearity tolerance at room temperature. The data capturing and transmitting speed for both accelerometer and gyroscope was set at 100 samples per second. Fig.4 shows an example of how the algorithm computes joint wrist flexion and extension angles from the raw readings of two sensors, after they have been stored in a file. Each data package from both sensors consists of a timestamp record, tri-axial acceleration readings and tri-axial angular velocity measurements. The sampling speed of the prototype sensor was set so that each sensor would transmit 100 data packages per second.
B. High level description of the two-sensor joint orientation algorithm
The initial calibration step in Fig. 4 converts all the raw data captured from both sensors from a 16 bits binary value into meaningful millisecond, gravitation and degree per second readings.
At a data rate of 100 sps the difference of angular velocity measurements between samples is subtle. A noise removing filter had to be applied to minimize the measurement tolerance and reduce the white Gaussian noise. The Savitzky-Golay smoothing filter is recommended for post-data analysis when future samples can be used to improve the present measurement [16] . In a real-time project, a moving average offset noise can be calculated when the sensor is static or when the offset noise is approximately equal to the average difference between each data sample. This can normally be estimated at the beginning of a trial.
The magnitude of the angle movement in each sampling period is calculated by multiplying the filtered angular velocity reading times the sampling period. The rotations on the y-axis from both sensors in Fig. 1 were used to measure wrist flexion and extension.
One of the methods in sensor fusion filtering technology is to combine the measurements of the same object from different sources. Instead of computing the rotation on each axis, an accelerometer provides real life orientation measurements by using the arctangent with two arguments function (atan2) with selected axis and plane [17] or generating a Spherical coordinate system [18] . In the present example, the acceleration data from the x and the z axis were used in the atan2 function. Unlike traditional yaw, pitch and roll orientation systems, a reference plane was unnecessary in the present algorithm because both sensors' axis were aligned in such way that the joint's movement was equivalent to the orientation difference between the sensors. Thus, only the relative motion was taken into consideration and the impact from the environment could be ignored.
The orientation of each individual sensor could then be calculated by adding together the orientation readings and the angle movement during each sampling period. The complementary filter in Fig. 4 [19] introduced a high pass filter to the main orientation tracker, and adjusted with a low passed value from the accelerometer's orientation measurement.
Before applying the complementary filter, a protection filter was introduced to prevent data drop error by ignoring the angular velocity reading when the sampling time difference was too big. A sign flipping error occurs when the arctangent function miscalculates its minimum and maximum values at the points where -180° was equal to 180° (see Fig. 6 ). The orientation tracker would then lose its consistency because any hardware tolerances from accelerometer could cause the orientation measurement flipping rapidly from -180° to 180°.
Finally, a linear data samples interpolation function (linear interpolation) [20] was used to synchronize the time-related orientation measurements from both sensors so that the final orientation difference could be defined.
III. EXPERIMENTAL RESULTS
To test the performance of the system a linear rotation test rig was constructed. It included two stepper motors with 3D-printed robot arms and a wireless IMU sensor attached to each, as shown in Fig. 5 . The two stepper motors were programmed to perform synchronized movements, simulating both hand and arm sensors moving at the same time. Since both motors performed symmetrical movements the expected difference in angles was zero. Although the starting positions of both robot arms were opposite to each other as shown in Fig. 5 , the sensors would only pick up the angular motion relative to its axial origin. The distance from the sensor to the joint centre is irrelevant. Both sensors started at 0°. The sensors measure positive angles while performing clockwise rotation and negative angles on anticlockwise rotation. Fig. 6 shows that the measurement range of each sensor was from -180° to 180°. As mentioned in Fig. 5 , the orientation position of -180° is exactly the same as the 180° position. The sign flipping problem occurred while the algorithm did not recognized the sensor's rotational direction. An example of the sign flipping problem is shown in Fig. 10 . Fig. 6 . Sensor measurement range
The testing sequence was the following: Move clockwise from 0° to 180°, and then rotate 360° in an anticlockwise direction all the way to -180° position; then from -180° to 180° in clockwise rotation; then again from 180° to -180° in anticlockwise rotation; and finally move clockwise from -180° back to 0°.
The expected result was to graph a horizontal line with minor vibration in the final orientation difference plot while both sensors were showing dramatic sinusoid-like movement. Fig. 7 and Fig. 8 show the orientation plots (Angle (degrees) versus Time (seconds)) for each sensor without applying any filtering.
A. Algorithm break down results
The top plots in Fig. 7 and Fig. 8 show the sensors' orientation measurements computed from the accelerometers' readings with atan2 function. The results remained noisy throughout entire moving period.
The bottom plots in Fig. 7 and Fig. 8 show the angle plots calculated from angular velocity measurements. By comparing the start point and end point in those plots, the orientation readings drifted around 200° within less than 80 seconds. These drifts were regarded as white Gaussian noise. Fig. 9 shows another example of the acceleration noise and gyroscopes' white Gaussian noise with a static orientation test where the sensor was placed on a flat surface without any motion being applied. The static test was performed prior to any other trials in order to produce an offsets table. The sign flipping problem mentioned before is shown in the top plot of Fig. 10 . The plots shown in Fig. 10 were produced with the same data set that was used to produce the plots in Fig. 7 , before the sign flipping protection.
With a sensor fusion filter, the angular movements from each sensor were calculated, as shown in the plots in Fig. 11 and Fig. 12 . With a 100Hz data rate, a standard 98% high pass filter could effectively fix the angular velocity drifts within less than 0.5 seconds. The low pass filter created a frame to fit the shape of the plot. The sum of coefficients of the low pass filter and the high pass filter was set to 1, while each coefficient was dynamically adjusted to adapt to the present data conditions. The plot in Fig.13 shows the difference between the measurements of the two sensors. The results were computed from the data used to produce the plots in Figures 11 and 12 . As a last step a linear synchronization function was applied. The error in the measurement was in the range ±2.5° Since the accelerometer's measurements contain less noise during a static position, moving the two sensors at the same time created an extreme test condition. In a clinical trial the relative movement between sensors will be less pronounced. The continuous sequence implementation also verified that the algorithm can generate precise measurements without the need of any common reset or calibration.
Results demonstrate that the two-sensor, joint orientation algorithm can precisely capture the angle difference between two coordinated sensors. The only requirement is to make sure that the sensors are aligned with the joint's centre. The output of the algorithm is a clean measurement of the relative motion between two sensors, with most of the environmental noise and drift produced by dramatic movements filtered out.
IV. CONCLUSIONS
This paper has shown the feasibility of using a sensor system to measure human joint motions. The sensor is enclosed in a 22mm × 24mm × 18mm box. It can provide accelerometer and gyroscope measurements at 100 samples per second within a 10 meter range. With its portability and wireless connection, the sensors could be a feasible option for most IMU-based applications.
Along with the hardware, a two-sensor filtering algorithm was developed to specifically target human joint motion estimation. With the combination of the reading from two sensors placed across the target joint, a clearer and more accurate measurement has been obtained. The idea of using paired IMU sensors to measure human joint angles also dramatically reduces the data load during filtering of environmental impact and hardware noises. The demonstrated application provided a breaking down validation of the performance of the algorithm at each of the major steps shown in Fig. 4 .
Unlike single yaw, pitch and roll applications [4] [5] [6] , the two-sensor system performs well in specific joint movement measurements under continuously rapid motion. The algorithm works particularly well for movements where there is no predetermined reference position (rest position), like the wrist. For example, capturing back, thigh, or feet, movement could be relatively easy because a rest position can be identified when a person is standing, laying on the ground or in any kind of straight position. Self-calibration methodologies require a reference position that is continuously reached on repetitive movements, under these conditions sensors can recognize the rest position and use it as reference for their measurements. However, the number of human joint studies where a calibration pose can be identified and systematically used is very limited. With the two-sensor system, the relative position between the sensors can be regarded as static. The joint movement will be the only outcome from the measurements. Therefore, the system can accurately measure the joint movement even when both hand and arm are moving rapidly without the need to identify any calibration position.
The efficiency and accuracy of the two-sensor system algorithm make it valuable for both post-data analysis human joint studies and real-time portable trials under flexible environments. The related applications are suitable not only for human joint motion studies, but also in other areas like animation, vibration sensing and activity monitors.
The system is currently being used in research trials to evaluate cerebral palsy patients. The feedback received from medical practitioners has been very positive.
